We present a novel approach for event extraction and abstraction from movie descriptions. Our event frame consists of 'who", "did what" "to whom", "where", and "when". We formulate our problem using a recurrent neural network, enhanced with structural features extracted from syntactic parser, and trained using curriculum learning by progressively increasing the difficulty of the sentences. Our model serves as an intermediate step towards question answering systems, visual storytelling, and story completion tasks. We evaluate our approach on MovieQA dataset.
Introduction
Understanding events is important to understanding a narrative. Event complexity varies from one story to another and the ability to extract and abstract them is essential for multiple applications. For question answering systems, a question narrows the scope of events to examine for an answer. For storytelling, events build an image in the reader's mind and constructs a storyline.
For event extraction, we apply Natural Language Processing (NLP) techniques to construct an event frame consisting of: "who", "did what" "to whom", "where", and "when". The more complex questions of "how" and "why" requires significantly more reasoning and beyond this paper's scope. Most syntactic NLP parsers, such as CoreNLP (Manning et al., 2014) and NLTK (Bird et al., 2009) , focused on examining characteristics of the words, grammatical structure, word order, and meaning (Chomsky, 1957) . On the other hand neural NLP approaches, such as SLING (Ringgaard et al., 2017) relies on large corpora to train such models in addition multiple knowledge databases. These approaches perform event extraction without context (often visual) of a movie or a movie script. When performing event extraction in relation to events in a story, the context can be gleaned from descriptions of the set or characters or prior events in a sequence. Additionally, we intend to develop an event extraction framework for a mixed-initiative, human-computer, system and intend to generate a human-readable event structure for user interaction.
In departure from syntactic approaches, we propose a hybrid, neural and symbolic, approach to address this problem. We benefit from both neural and symbolic formulations to extract events from movie text. Neural networks have been successfully applied to NLP problems, specifically, sequence-to-sequence or (sequenceto-vector) models (Sutskever et al., 2014) applied to machine translation and word-to-vector (Mikolov et al., 2013a) . Here, we combine those approaches with supplemental structural information, specifically sentence length. Our approach models local information and global sentence structure.
For our training paradigm, we explored curriculum learning ( (Bengio et al., 2009) . To the best of our knowledge, we are the first to apply it to event extraction. Curriculum learning proposes a model can learn to perform better on a difficult task if it is first presented with easier training examples. Generally, in prior curriculum learning work, the final model attains a higher performance than if it were trained on the most difficult task from the start. In this work, we base the curriculum on sentence length, reasoning that shorter sentences have a simpler structure. Other difficulty metrics such as average word length, longest word length, and FleschKincaid readability score were not considered in this experiment, but may be considered for future work.
Instead of treating the sentence-to-event problem as a complete black-box putting the burden on the deep learning model, we simplify the problem by adding structure to the output sentence following the event frame structure, where some of the components could be present or absent. Furthermore, some sentences could contain multiple events. Weak labels were extracted from each sentence using the predicate as an anchor. We use structure rather than a bag-of-words because it encodes information about the relationships between words.
Our contributions are three-fold: • New formulation for event extraction in movie descriptions.
• A curriculum learning framework for difficulty based learning.
• Benchmarking symbolic and neural approaches on MovieQA dataset. The paper is organized as follows: section 2 reviews prior work; Section 3 formulates our approach; Section 4 specifies the learning framework; Section 5 presents our experiments; Section 6 describes our future work and conclusion.
Prior Work
Event extraction is a well established research problem in NLP. Parsers have been developed to extract events and event structures using a variety of methods both supervised and unsupervised.
(McClosky et al., 2011) uses dependency parsing to extract events from sentences (converted to a dependency tree by a separate classifier) by identifying event anchors in a sentence and graphing relationships to its arguments. (Chambers and Jurafsky, 2008) and (Chambers and Jurafsky, 2009 ) develop an unsupervised method to learn narrative relations between events that share a co-reference argument and, later, a sequence of events over multiple sentences.
( Martin et al., 2017) and (Martin et al., 2018 ) present a neural technique for generating a midlevel event abstraction that retains the semantic information of the original sentence while minimizing event sparsity. They formulate the problem as first, the generation of successive events (event2event in their parlance), then generate natural language from events (event2sentence). The authors use a 4-tuple event representation with subject, verb, object, and a modifier of the sentence including prepositional phrase, indirect object, or causal complement. One key concept is that these events are in generalized WordNet forms and are not easily human-readable. Their event2event network is an encoder-decoder model. The event2sentence model is similar to the event2event model with the exception of using beam search. (Harrison et al., 2017) introduces a Monte Carlo approach for story generation, a related application of event extraction. Citing RNN's difficulty in maintaining coherence across multiple sentences, they develop a Markov Chain Monte Carlo model that can generate arbitrarily long sentences. In this work, they use the same event representation as (Martin et al., 2018) .
Prior work in curriculum learning ( (Bengio et al., 2009) ) explored shape recognition and language modeling. Specifically for language modeling, they experiment with a model to predict the best word following a context of prior words in a correct English sentence. Their language modeling experiment expanded the vocabulary, increasing the task difficulty as more words were added to the corpus. More recent work ( (Graves et al., 2017) ) applied curriculum learning to questionanswering problems on the bAbI dataset (Weston et al., 2015) , designed to probe reasoning capabilities of machine learning systems.
The problem with symbolic approaches is the rigidity of the parsers and only basing the parses on the encoded knowledge. The neural approaches are unbounded and produce a huge variety of generated sentences. However, they are not conditioned on specific text and the results vary, often producing unrealistic sentences. We propose a hybrid of the two approaches to provide structured events conditioned on realistic content.
Approach
Our goal is to extract event frames in movie description in the format of "who" "did what" "to whom or what" "when" and "where". By extracting particular components of an event, it becomes easier to instantiate an event as an animation using existing software or present the event object to a human user for them to instantiate on their own terms. Once events are extracted in this format, a sequence of events can be used to animate the script and generate a short movie. In contrast to the purely symbolic approach taken by others, we take a neural approach, applying Recurrent Neural Networks (RNN). The idea is that an RNN will learn to output a structure mirroring the symbolic approaches. The input nodes are encoded as a fixed sequence of identical length and the output are labels of the provided structure. Figure 1 illustrates our model. We first encode each word in the input sentence to an M-dimensional vector using word2vec (Mikolov et al., 2013b) . The embedding output vectors input an M-dimensional RNN with LSTM units. We standardized the length of the sentence by padding short sentences and capping the length of the longest sentence to be 25 words. The hidden state of each unit is defined in (1) for h (t) . The output of each unit is o (t) and is equal to the hidden state. The internal cell state is defined by C t . Intermediate variables f (t) . i (t) ,ĉ (t) , and u (t) facilitate readability and correspond to forget, input, and candidate gates, respectively. The cell state and the hidden state are propagated forwards in time to the next LSTM unit.
(1) A significant hurdle in training any of network in this instance is class imbalance. Here, the model is trained using standard back-propagation with a weighted cross-entropy loss function used to avoid over-fitting to the null class.
Curriculum Learning
Sentences vary in difficulty due to structure, context, vocabulary, and more. As part of our experiments, we employed curriculum learning to potentially facilitate the learning processes. We compare the curriculum training to standard batch processing.
We divide the training samples into three difficulty groups based on sentence length. We train the model with the easiest set first for 100 epochs before advancing to the medium and hard difficulty training samples, training for 100 epochs each. This results in 300 training epochs total, although the model is only exposed to a third of the dataset for 100 epochs at a time. We compare this to models where the training process exposes the model to the entire corpus for 300 epochs. We use sentence length, assuming that shorter sentences are easier as they contain fewer descriptive words, but other structural and semantic metrics can be used.
Experiments
MovieQA Dataset (Tapaswi et al., 2016) : We use the descriptive video service (DVS) text from MovieQA. The DVS sentences tend to be simpler and describe the scene explicitly compared to the plot synopsis sentences. We generate an initial training corpus of extracted events using dependency parsers and information extraction annotators from CoreNLP. A total of 36,898 events are generated. Analyzing the corpus of extracted events, we found the longest sentence length contained 62 words. However, by limiting our dataset to sentences with 25 words or less, we retained 97% of the data (35791 sentences). Figure 3 shows the sentence length distribution of the DVS data and the plot synopsis data. We did not experiment with the plot synopsis data, rather we wish to highlight the difference in sentence lengths between the 2 sets of data. The DVS data is heavily skewed towards shorter sentences, most likely due to requiring concise descriptions about what is happening on screen at that time. Plot synopsis sentences tend to be longer as they tend to summarize multiple actions and plot points. Sentences with multiple predicates generated multiple events and this manifested itself as duplicate sentences in our dataset with multiple label sequences. Sentences with multiple events accounted for about 24% of the data. This does lead to complications for train- ing as we did not distinguish between events.
The difficulty classes computed by sentence length and are as follows: easy sentences are 8 words or less with an average sentence length of 6.5 words, medium sentences are 9-12 words with an average length of 10.4 words, and hard sentences are 13 words or longer with an average length of 16.8 words. Each difficulty class is contains one third of the original data set. For training with and without a curriculum, we used an 80-20 train-test split. For curriculum learning, each difficulty was trained on 80% of each of the respective difficulty sets and tested on the remaining 20%.
The extracted events provide weak labels generated by the CoreNLP algorithm approach.
Pre-processing:
We tokenized the text assigning an integer to each word after removing capitalization and apostrophes. Sentences are vectorized using this index. The output format assigns integers between 1-5 to parts of the sentence based on which elements of the sentence are part of the subject (1), predicate (2), object (3), location (4), or time (5) phrases. Articles, prepositions, conjunctions, adjectives, and adverbs were often assigned the null class (0) although some may be included parts of event phrases. Sentences are leftpadded with zeros make all sentence vectors the same length.
Implementation Details: The trained model is a basic LSTM model. We employ two different training approaches. In the first approach, we ignore the sentence length and use random batches of training data. We train for 300 epochs. Second, we use a training curriculum based on sentence length, starting training with shorter sentences and progressing to longer sentences. The sentences are divided into easy, medium, and hard difficulty sets with each set containing roughly one-third of the total data set. We hold out a set of data from each difficulty level for validation. We train the model for 100 epochs on each level of difficulty to match the total of 300 epochs of the random training curriculum. The final approach is to start with shorter sentence lengths and train with longer sentences towards the end.
We examine four parameters: the learning rate, the embedding dimension, the hidden dimension, and number of training epochs. A grid search was employed to examine the effects of these parameters on the validation accuracy. We varied learning rate in powers of 10 from 1e − 5 to 1e − 2. The embedding dimension was varied from 50-500 in increments of 50. The hidden dimension was varied from 48-512 in increments of 16. Lastly, we varied the number of training epochs from 300-2000 in increments of 200. Below we include a sample of figures from this search where we fixed the number of epochs (300) and the hidden layer dimension (512) while adjusting the learning rate and the embedding dimension. For these parameters, we found an embedding dimension of 350 performs best on the easy and medium difficulty levels. Additional training is in progress.
We used ADAM (Kingma and Ba, 2014) for gradient optimization. Our loss function was a weighted categorical cross entropy function using the class distribution from the training data as class weights. Accuracy is calculated by the frequency with which the predicted class matches the labels. The accuracy is then the total count of actual matches by the total potential matches.
Qualitative Results
In this work, we used the symbolic algorithm as a weak label for the neural network approach. The symbolic approach appears to work well for shorter sentences with simple sentence structure. However, as the sentences become longer and additional descriptive phrases, the dependency parsing becomes more complex. We present 3 examples (1 from each difficulty level) of a simple sentence the symbolic algorithm does well. Figure 4 shows examples where our approach was successful. Figure 4(a) illustrates an easy difficulty sentence. The parser correctly identifies the he as the subject, gently strokes as the verb phrase, her cheek as the object, and near the scar as the location. Figure 4 (b) illustrates a medium difficulty sentence. The parser identifies Caroline as the subject again, the verb phrase stares down at, the object diary and the location in the hos-pital. Figure 4(b) illustrates a medium difficulty sentence. Figure 4 (c) illustrates a hard difficulty sentence. The parser identifies recruits as the subject. The verb phrase identified here is are sitting at and the object is base of their bunks. Another verb phrase that could be identified is assembling with the object their rifles. These examples also show how the model ignored articles in the sentences. Finally, Figure 4 (d) illustrates a challenging sentence. One pleasantly surprising example of the model learning multiple events in a single short sentence. The model correctly identifies 2 subjects (she, Noah) and 2 verb phrases (is distracted, swims away). Figure 4 shows examples where our approach failed. Figure 5(a) illustrates an easy difficulty sentence. The model incorrectly identifies glass as a predicate while correctly identifying shuts, suggesting the model does not anchor events around a predicate phrase. Figure 5 (b) illustrates an medium difficulty sentence. The model identifies the verb phrase are cheering and the object him, but fails to recognize the subject Harry's friends. This is odd as it would suggest the model doesn't recognize possessive apostrophes as part of a noun phrase, but may be confusing it with a contraction. However, other situations show the model does not recognize the contraction either. Figure 5 (c) illustrates a hard difficulty sentence. The model fails to identify soldiers as a subject of any predicate, yet correctly identifies climb into and walks out of as predicate phrases. It does, however, identify George as a subject, but not his descriptor of King.
As sentences get longer, the model begins to breakdown. This may be due to the weak labels provided by the symbolic algorithm. It may also be due to the non-linear relationship between subject, predicate, and object in the sentence. The neural model also fails when the location is a generic place such as a cafe or garage. One improvement could be to incorporate the WordNet meaning of each word in the sentence.
Quantitative Results
We show results from curriculum learning using the sentence length as a basis for the curriculum. The accuracy is shown in Figure 6 for both the non-curriculum learning and the length-based curriculum. We first train with easy data, wit the easy validation data closely tracking it. After 200 epochs, we begin training with medium difficulty data. At this point, the easy validation data changes only a little, while medium and hard difficulty validation data continue to increase slightly. At 400 epochs, we begin training with the most difficult data: data containing the longest set of sentences our dataset. Introducing the hard training data affects the easy and medium validation accuracy. The hard difficulty validation accuracy continues to increase while easy and medium drop. Due to the semi-supervised method of labeling the data using symbolic methods, we believe longer sentences tend to be noisier and less accurately labeled compared to shorter sentences. This introduces noisy labels for the network, confusing it on previously learned examples leading to degraded performance. Descriptive phrases containing nouns can complicate the network and hinder identification of subject or object.
Conclusions and Future Work
This work presents an initial study of neural event extraction. We intend to study a bidirectional LSTMs and encoder-decoder models in future work. We anticipate bidirectional models and encoder-decoder models will enable the network to capture longer-term dependencies between object and predicate. We also plan to extend the data set to additional sources with human annotations for more accurate ground truth labels.
An additional direction for future work is to incorporate graphs as a mechanism to enforce structure. In addition, we can extract events from visual information and use it to guide the events extracted from textual information. Using graphs generated from both visual and textual information will result in a more complete, and less noisy event representation.
This experiment is a component for our work towards developing a mixed-initiative system for visual storytelling. Here, we take preliminary steps towards extracting events from movie descriptions with the intention of then instantiating events in an animation module. The simplified event structure facilitates the mixed system where either the computer or human can suggest events or render the event in a particular style or genre. Our vision for the system is to have a human and a computer take turns suggesting new events in a story or suggest a story arc and generate pertinent, relevant events to justify the conclusion. 
